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Abstract 

This paper describes the breeding, feeding and measurement of Aedes mosquitoes based on body size (wing length). 

Due to similarity in body size measurements, we were constrained on gender recognition. To reveal the gender 

identity of these mosquitoes, Fisher linear discriminant analysis and FZOARO classification models were considered 

suitable for prediction and classification.   We randomly selected 15 mosquitoes from each groups and categorize 

the body size as small and large and applied the classification procedures. Both classification techniques perform 

similar. The numerical simulation reveals that 86.67% were classified as male for group one and 80% were correctly 

classified as female in group two. 
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1. Introduction  

Linear discriminant analysis (LDA) is one of the most widely used dimension reduction technique due to its 

simplicity and effectiveness.  Fisher (Fisher R.  A., 1936) introduced his linear discriminant analysis approach to 

analyze the iris data set. Fisher linear discriminant analysis (FLDA) is a conventional learning model based statistical 

classifier designed to allocate an unknown observation vector to one of two multivariate Gaussian populations with 

different mean vectors and common covariance matrix (Sarunas R., & Duin, R. P. W. 1998).  Classical Fisher linear 

discriminant analysis was originally proposed for two groups but it has however been applied and extended to more 

than two groups (Barker, M., & Rayens, W., 2003; Deirdre, T., Gerard, D., & Thomas, B. M. 2011; Rao, C. R., 1948; 

Reynes, S. de Souza, 2006). FLDA finds application in real word lower dimensional data set (Belhumeur, P. N., 

Hespanha, J. P., & Kriengman, D. J. 1997; Cevikalp, H., Neamtu, M., Wilkes, M., & Barkana, A.  2005;  Daniel, L. 

S., & Weng,  J. 1996; Jian, Y., Lei ,Z., Jing-yu, Y., & Zhang, D. 2011; Liu, C. J., & Wechsler, H. 2000; Ye, J. et al  

2004; Yu, H., &Yang, J. 2001).   Thus, it performs poorly if the data set has more dimension than the sample size 

(Alok ,S., & Kuldip, K. P.  2012; Marcel, K., Hans -Gunter, M., Hans, D. &  Dietrich, K. 2002; Zhao, Z., &Tommy, 

W. S. C. 2012). FZOARO classification approach is a modified version of FLDA that incorporate compensate 

constant into the discriminant coefficient. It has comparable classification performance with FLDA. The optimality 

of these techniques lies on classical assumptions of normality and equal variance covariance matrix and the size of 

the data dimension(Alvin, C. R. 2002; Joseph, F. H., Jr, 1998; Maurice, M. T., & Lohnes, R. P. 1988). In this paper 

our focus is to apply these techniques to classify and predict laboratory breeded Aedes mosquitoes using their body 
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size (wing length) as the predictor variables. Based on information obtained  from body size measurement, the 

predictor variables are categorized as large and small, this information are applied to learn and validate the model to 

obtain gender classification and prediction. 

This paper is organized as follows. Fisher linear discriminant analysis is presented in section two. Section three 

contains FZOARO classification model. Breeding procedure and body size measurement is described in section four. 

Simulations and conclusions are presented in sections five and six respectively. 

 
2. Fisher Linear Discriminant Analysis 

Fisher suggested transforming multivariate observations to univariate observations such that the univariate 

observations derived from each population is maximally separated. The separation of these univariate observations 

can be examined by their mean difference(Richard, A. J., & Dean W. W. 1998; Richard, A. J., &  Dean, W. W. 

2007). Fisher classification rule maximizes the variation between samples variability to within samples variability 

(Alvin, C. R. 2002; Fukunaga, K., 1991; Johnson, R. A., &  Dean,W. W. 1998; Maurice, M. T., & Lohnes, R. P. 

1988; Peter, A. L. 1975; William, R. D.,& Goldstein, M. 1984).   

        Consider classifying an observation vector x into one of two populations say : ( , ), ( 1, 2)i p iN iπ µ Σ = , 

the population mean vectors and covariance matrix are denoted as ,µ Σ  respectively. Since the population mean 

vectors and covariance matrices are unknown, the sample equivalent is applied in this paper. We define the sample 

mean vectors, sample covariance matrices and pooled sample covariance matrix as follows; 
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∑  is the number of equal size training samples in each group 

i  and ix  is the within group means. Using the definitions of the above parameters, Fisher linear discriminant 

analysis(Fisher R.  A., 1936) can be started as follows. 
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( ) 1

1 2 ,pooledC X S X−′′Ω = = −x x         (1)  

1 2( ) / 2,CΩ = +x x           (2)  

Where Ω  denote discriminant score, ( ) 1

1 2 pooledC S −′= −x x  is the discriminant coefficient, and Ω  is the 

discriminant mean. The classification rule based on equations (1) and (2) can be described as follows 

assign 1x to population one 1π if  

,Ω ≥Ω  

otherwise assign 
1x to population two 

2π if 

,.Ω <Ω  

Fisher maintained that his techniques most adhere strictly to equal variance covariance matrix of the two normal 

populations. FLDA has been extended to more than two groups(Fisher R.  A., 1936; Rao C. R., 1948). 

 

3. FZOARO Classifical Model 

We propose a comparable classification and dimension reduction technique called FZOARO classification 

model(Okwonu, F. Z., &  Othman, A. R. 2012). The proposed technique is developed based on the following 

assumptions; the sample size   is greater than the sample dimension, secondly, the variance covariance matrices are 

equal and are obtained from multivariate normal distribution. Since the population parameters are unknown,   the 

sample equivalent is applied.  Using the definitions of sample mean vectors, sample covariance matrices and pooled 

sample covariance matrix define in section two; the proposed approach is stated mathematically as follows 

( ) ,emonu oroguωη δ′Ζ = =X w X          (3)  

where 

,oroguωη δ′= +w   

( ) 1

1 2 ,emu emu pooledS −′= −w x x  
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where emonuΖ  denote the discriminant score, w is the discriminant coefficient, oroguδ internally generated 

constant that enhances the robustness of this approach and 
emonu

orogu

Ζ  is the discriminant mean. The classification 

procedure is performed by comparing the discriminant score with the discriminan mean. That is, 

Classify 1obsx to population one 1ϖ if 

emonuΖ is greater than or equal to
emonu

orogu

Ζ  

or classify 1obsx to population two 
2ϖ if 

emonuΖ is less than 
emonu

orogu

Ζ  

This approach is relatively computationally complex than FLDA because equation (3) comprises of a constant which 

also requires Chi-square value. This constant is considered to have dual functions one as a stabilizer and two as 

control factor.    

4. Breeding, Feeding and Body Size Measurement Process 

This section describes the breeding, feeding and measurement of Aedes adult mosquitoes based on their 

wing length. The larvae are categorized into two distinct groups or populations , ( 1, 2).i iΠ =  Population one 
1Π  

contains 100 larvae and population two 
2Π  doubles population one.   Group one, 100 newly hatched larvae (100 

L1) were feed with 3gram larvae food in 100ml dechlorinated water throughout the developmental stage for group 

one. Group two, 200 newly hatched larvae (200 L1) were feed with 1.5 gram larvae food in 100ml dechlorinated 

water throughout the developmental stage for group two. The variation in feeding pattern is due to population size. 

The volume of water in rearing tray is about 800ML to one liter respectively. Tables 1 and 2 describe the feeding 

regiment and water renewal pattern during developmental stage(s), see tables 1 and 2 below. 

 

4.1 Determination of Body Size 
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Wing length was used as a proxy for body size. Because both wings on an individual mosquito has been 

shown to be of statistically similar size (Gleiser, R. M., Gorla,  D. E. &   Schelotto,  G.. 2000; Jonathan, M. C., & 

Tiffany,  M. K. 2003), consequently, here, one wing, either the left or the right, from each individual adult mosquito 

was used to measure its length. Mosquitoes were adhered to a glass slide and wings measured with an ocular 

micrometer in a binocular microscope (Microscope name) from the apical notch to the axillary margin, excluding the 

wing fringe. 15 adult Aedes mosquitoes were randomly selected in each group and the wing length measured. In each 

group, we categorize the body sizes as large 
1x  and small 

2.x Our focus is to obtain the number of male and 

female in each group based on their body size measurement. The predicament we are confronted with is that each 

group size measurement is similar. Based on this gender difficulty, we apply multivariate statistical classification 

techniques to classify the two groups using the body size measurements. Based on previous discussions in sections 

two and three, Fisher linear discriminant analysis (FLDA) and FZOARO classification techniques are better options 

for this purpose.   

 

5. Simulation 

Numerical simulation is performed to classify and predict breeded Ades mosquitoes into male and female using 

Fisher linear discriminant analysis and FZOARO classification techniques. Group one contains 100 unclassified 

Aedes mosquitoes and group two contains 200 unclassified mosquitoes. In each group we randomly selected 15 adult 

mosquitoes and the wing length was measured to determine the body size.   The preferred predictor variables are 

1x  for large body size and 
2x for small body size. We are constrained to identify male and female. Based on these 

data set we apply Fisher’s linear discriminant analysis and FZOARO classification models.  Both models were 

applied and the classification and prediction results are presented in table 3. Table 3 reveals that 13 male were 

correctly classified to belong to group one and two male were misclassified to group two. On the other hand, three 

female were wrongly classified to group one and 12 female were correctly classified to group two. Table 3 also 

contains the percentage in bracket of correct classifications for each group. Table 4 indicate the hit-ratio which 

explain the percentage of correct classifications, both techniques performs exactly with 83.33% correct classification 

and 16.67% misclassifications. To confirm the performance of these procedures, figure 1 show that 2 male 

mosquitoes were wrongly classified as female mosquitoes and one of the male mosquitoes is seen as an outlier. 

Figure 1 also affirms that 3 female mosquitoes were wrongly classified as male and 12 were correctly classified. 

Figure 2 illustrates scatter plot of data set obtained from our experiment. It reveals the separation between male and 

female mosquitoes. Tables 3 and 4 and figure 1 affirms correct prediction of the mosquitoes into male and female 

categories. This work reveals that information obtained from body size measurement (wing length) of the mosquitoes 

can be used to classify and predict the gender of Aedes breeded mosquitoes. 

 

6. Conclusions  

In this paper, we applied Fisher linear discriminant analysis and FZOARO classification models.  As an 

application, the above mentioned techniques were used to classify laboratory breeded Aedes mosquitoes based on 

their wing length measurement. Numerical simulation reveals that 86.67% were correctly classified as male and 
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80.00% as female in each group. The numerical experiment reveals that mosquito wing length can be used to predict 

and classify mosquitoes as male or female.  
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 Table 1. Feeding Regiment of Aedes Adult Mosquitoes in Two Distinct Size Classes 

GROUPS DAY1(D1) DAY 

3(D3) 

DAY5(D5) DAY6(D6) 

100L 1/3 gram 3 ml 6ml  6ml  6ml 

200 L 1/1.5 gram 3 ml 3 ml 3 ml 0 

 

Table 2. Water Renewal Pattern before Feeding 

        Groups              Renewal 1        Renewal 2 

100 L 1/3 gram Before adding D3 food Before adding D6 food 

200 L 1/1.5 gram Before adding D3 food Before adding D6 food 

Day 1 (D1) = Day of the appearance of larvae following egg flooding  

Day 3 (D3) = 3
rd
 day after the appearance of L1 (newly hatched larvae) 

Day 5 (D5) = 5
th
 day after the appearance of L1 (newly hatched larvae) 

Day 6 (D6) = 6
th 
day after the appearance of L1 (newly hatched larvae) 
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Table 3. Confusion Matrix For Aedes Body Size Measurement   

Actual group membership                  Predicted group membership 

Group one (Male) Group two (Female) 

Group one (Male) 13 (86.67%) 2 (13.33%) 

Group two(Female) 3 (20.00%) 12 (80.00%) 

 

 

 

Table 4. Hit-Ratio/Methods 

Methods CFISHER FZOARO 

Observations Correctly Classified (%) 83.33(16.67) 83.33(16.67) 

 

 

     

             Figure 1. 97.5% Ellipse of Aedes Body Size Measurement 
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Figure 2. Scatter Plot of Wing Length Measurements of Laboratory Breeded Aedes Mosquitoes 



This academic article was published by The International Institute for Science, 

Technology and Education (IISTE).  The IISTE is a pioneer in the Open Access 

Publishing service based in the U.S. and Europe.  The aim of the institute is 

Accelerating Global Knowledge Sharing. 

 

More information about the publisher can be found in the IISTE’s homepage:  

http://www.iiste.org 

 

The IISTE is currently hosting more than 30 peer-reviewed academic journals and 

collaborating with academic institutions around the world.   Prospective authors of 

IISTE journals can find the submission instruction on the following page: 

http://www.iiste.org/Journals/ 

The IISTE editorial team promises to the review and publish all the qualified 

submissions in a fast manner. All the journals articles are available online to the 

readers all over the world without financial, legal, or technical barriers other than 

those inseparable from gaining access to the internet itself. Printed version of the 

journals is also available upon request of readers and authors.  

IISTE Knowledge Sharing Partners 

EBSCO, Index Copernicus, Ulrich's Periodicals Directory, JournalTOCS, PKP Open 

Archives Harvester, Bielefeld Academic Search Engine, Elektronische 

Zeitschriftenbibliothek EZB, Open J-Gate, OCLC WorldCat, Universe Digtial 

Library , NewJour, Google Scholar 

 

 

http://www.iiste.org/
http://www.iiste.org/Journals/

